Motivation: The power of microarray analyses to detect differential gene expression
Introduction
High density oligonucleotide microarray technology is increasingly used for gene expression profiling (Gershon 2002) , to define a group of genes with differential expression between a variety of experimental conditions. The power of such analyses depends not only on the quality of array design and production but also on the statistical and bioinformatical approaches used to analyse the data. Indeed, the application of different mathematical algorithms can influence enormously the outcome of microarray data analysis, e.g. by having different statistical power to detect significant differentially expressed genes. Many practicing biologists are unaware of the extent of this problem. Therefore, it is important not just to develop strategies with optimal theoretical properties, but to demonstrate their practical relevance by additional experimental tests.
Affymetrix GeneChips have become particularly prevalent within the field of microarray gene expression analysis and results of GeneChip experiments attract the attention of a wide spectrum of life science researchers (Harrington et al. 2000) . The common practice of analysing differential gene expression from GeneChip data is based on normalised hybridisation signals generated with the Affymetrix Microarray Suite (MAS) 5 software algorithms. This method returns a single expression value per gene, condensing the information from hybridising up to 18 pairs of perfect match (PM) and mismatch (MM) oligonucleotides (known collectively as a probe set) to complementary mRNA. The subsequent simultaneous testing of tens of thousands of genes for differential expression raises the "multiple testing problem", increasing the probability of obtaining false positive test results (Westfall et al. 1993 ). To achieve more reliable results, it is therefore necessary to restrict the family-wise type I error rate (FWE) or the false discovery rate (FDR) by application of adjustment procedures (Reiner et al. 2003 ; Storey et al. 2003) . However, classical approaches such as the Bonferroni correction of gene wise t-test results are highly conservative and their application leads to a dramatic loss of statistical power (i.e., a high number of false negative results), when testing thousands of genes for differential expression.
In contrast to MAS5 and in agreement with alternative approaches to microarray data analysis (Li et al. 2001; Irizarry et al. 2003) , we propose a procedure that employs the complete multivariate information from all PM oligonucleotides complementary to an individual transcript. Our strategy, which is based on the theory of spherical distributions (Läuter et al. 1998) strictly maintains FWE at a pre-specified level α (Westfall et al. 2004 ) and enables more efficient detection of differentially expressed genes than do approaches based on conventional expression scores (e.g. MAS5).
To demonstrate the practical importance of this finding we successfully validated differential gene expression detected with the multivariate procedure using real time quantitative PCR and data from spike-in experiments.
Methods

Multiplicity adjustment procedure (Westfall-Kropf-Finos (WKF) procedure)
The proposed methodology is applicable to situations of two dependent or independent samples as well as to one sample situations (Läuter et al. 1996) . Please note that the case of two dependent samples can be treated as a one sample problem considering measurement differences within individuals. We will, therefore, demonstrate the methodology for a dependent and for an independent sample data set (for details see below). However, in the methods section we restrict ourselves to the case of two dependent samples for reasons of brevity.
Let us consider n independent, identically normal distributed k-dimensional sample vectors z j (with components z ji , i = 1,..., k; j = 1,..., n) with expectation
Here, n represents the number of individual specimen for which differences in the expression of k probe sets (representing certain genes) between two types of tissue probes have been analysed. To test the local hypotheses 0 :
(no difference in gene expression for all genes) Westfall et al. (Westfall et al. 2004) introduced the following procedure: 
and sort the variables according to
, which gives the following order: 
Gene expression scores
MAS 5
The Algorithm calculates a weighted mean for the probe set using signal intensities of PM and MM oligonucleotides in a one-step Tukey's biweight estimate. Signal intensity of a probe pair (PM and MM) is estimated by taking the log of the PM intensity minus stray signal calculated from mismatch intensities (Affymetrix technical note: "Statistical algorithms reference guide", www.affymetrix.com).
MDP
This procedure uses a robust version of a 2-way analysis of variance (considering chip and probe effects) to estimate the expression value for each individual gene (Irizarry et al. 2003) .
Multivariate scores
Let us assume that the PM oligonucleotides follow a multivariate normal distribution with expectations possibly different from zero. k is the number of probe sets and p i the PM number of probe set i. The total PM number is therefore given by
The column vector containing all p i PMs of probe set i and individual j is denoted by ji x . With j x we now denote the n independent, identically normal-distributed p-
. j x is therefore a column vector representation of the individual row j of the p n × dimensional data matrix X. The total product sum matrix is given by
. And the local hypotheses are 0 :
To create multivariate PM based scores of the expression intensities we form weighting vectors, which depend only on the total product sum matrix W of the data. 
Please note that all c i are dependent on W ii only.
To ensure that probe sets with balanced increased and decreased oligonucleotide measurements ji x are not counted as differentially expressed, the following absolute and standardised weighting vectors (only depending on ii W ) are used:
Now, the p i -dimensional data vectors of PMs for probe set i and individual j are subsumed into the score:
, which is unequal to zero with probability one.
It can be demonstrated that the scores ji z are left-spherically distributed whenever the original data are multivariate normal.
It can be proven (Schuster et al. 2004 ) that the WKF procedure for the left-spherically distributed scores ji z keeps a given FWE under the assumption of multivariate normal distributed ji x . It should be noted that this also holds for the two-sample situation with weights determined by an appropriate modification of the matrix W (Schuster et al. 2004 ).
Sample data sets
Two sample data sets have been included in this study to test the power of the different algorithms.
The first set (dependent samples) contains patient data from a gene expression project which characterises molecular events in thyroid tumour tissue (Eszlinger et al. 2004 ). Here, the description of differentially expressed genes will further our understanding of the impaired thyroid epithelial cell signalling that eventually leads to thyroid neoplasia and is therefore relevant to both diagnosis and therapy of thyroid 
Programming
The statistical results were obtained using the statistical programming environment R because of using FWE control which is a rather conservative criteria. It should be emphasised, that to strictly ensure the FWE criteria within the WKF procedure, the choice of η has to be made beforehand. If there is no prior knowledge from comparable studies, we recommend to use η=1 (see also Schuster et al. 2004 ).
The proposed statistical procedures as well as the thyroid tumour sample data are available within the data warehouse of the Interdisciplinary Centre for Bioinformatics Leipzig (http://www.izbi.de/GEWARE; see "public user groups"; procedures performed with "Multivariate Expression Analysis" under "Expression Analysis").
Results and Conclusion
In Regarding the proposed total-PM-based multivariate procedures, this superiority is attributable to the incorporation of the total multivariate information contained in the individual PM oligonucleotides. I.e., our method is using individually (i.e., gene wise) estimated weights to calculate expression values by weighted averaging procedures of the individual oligonucleotide measurements. In contrast, MAS5 is summarizing the oligonucleotide information of each probe set into expression scores by means of one fixed averaging procedure Furthermore, figure 1 shows the WKF procedure to be better than the widely used We therefore conclude that the multivariate procedure is a more powerful means of detecting differentially expressed genes from microarray data than the standard MAS5 analysis.
This conclusion is also drawn when analysing data from spike-in experiments ( These false positives might also reflect cross hybridization effects of the spiked transcripts which can partially explain their observed levels. When comparing the performance of the different versions of the multivariate procedure in the analysis of the two data sets it becomes clear that it is currently not possible to specify an order of superiority between them.
Concluding from these analyses we are recommending to avoid the use of the MAS5 procedure for identification of differentially expressed genes and presented more powerful alternative approaches. N -not significant; S -significant Table 2 Results of the WKF procedure applied to data from spike-in experiments (for details see "sample data set"). 
